Estimating genetic parameters of DSSAT-CERES model with the GLUE method for winter wheat (<em>Triticum aestivum</em> L.) production by Li Z et al.
Estimating genetic parameters of DSSAT-CERES model with the GLUE method for winter 1 
wheat (Triticum aestivum L.) production 2 
 3 
Zhenhai Li 1,2,3, Jianqing He 4, Xingang Xu 1,3, Xiuliang Jin 3, Wenjiang Huang 5, Beth Clark6, 4 
Guijun Yang 1,3*, Zhenhong Li 2* 5 
 6 
1 Beijing Research Center for Information Technology in Agriculture, Beijing Academy of Agriculture and Forestry 7 
Sciences, Beijing 10097, China 8 
2 School of Engineering, Newcastle University, Newcastle upon Tyne NE1 7RU, UK 9 
3 National Engineering Research Center for Information Technology in Agriculture, Beijing 100097, China 10 
4 Key Laboratory for Agricultural Soil and Water Engineering in Arid Area of Ministry of Education, Northwest 11 
A&F University, Yangling, Shaanxi 712100, China 12 
5 Institute of Remote Sensing and Digital Earth, Chinese Academy of Sciences, Beijing 100094, China; 13 
6 School of Natural and Environmental Sciences, Newcastle University, Newcastle upon Tyne NE1 7RU, UK 14 
* Email: yanggj@nercita.org.cn; zhenhong.li@ncl.ac.uk 15 
 16 
Abstract 17 
Crop growth models integrate genotype, environment and management and can serve as an 18 
analytical tool by which to study the influences of these factors on crop growth, production, and 19 
agricultural planning. Parameter calibration is the primary step taken before the local application 20 
of crop growth models. In this study, experimental field data were collected by way of a five-year 21 
(2008-2013) set of field experiments at a field site in Beijing, China. The DSSAT-CERES model 22 
was calibrated by integrating the generalized likelihood uncertainty estimation (GLUE) method 23 
and a systematic approach, and used experimental data relating to two seasons 2009/2010 and 24 
2012/2013. The calibrated model was evaluated for its prediction performance using experimental 25 
data relating to the three seasons 2008/2009, 2010/2011 and 2011/2012. The results showed that 26 
the GLUE method can accurately estimate the genotype parameters of wheat; that the simulated 27 
leaf area index (LAI), aboveground biomass (AGB), aboveground nitrogen (AGN) and grain yield 28 
(GY) were close to the measured values; and that the DSSAT-CERES-Wheat model can be used to 29 
schedule wheat seed sowing dates, and optimize N fertilizer application in areas around Beijing. In 30 
general, the DSSAT-CERES-Wheat model was proved to be a useful decision-making tool for 31 
winter wheat production in the Beijing area.  32 
Keywords: DSSAT; Wheat; Generalized likelihood uncertainty estimation; Parameter estimation; 33 
Crop production 34 
1. Introduction 35 
  Winter wheat (Triticum aestivum L.) is a staple cereal crop and an important source of calories 36 
and protein for most of the domestic population in the North China Plain (Reynolds et al., 2012). 37 
The prediction of growth status and grain yield (GY) is essential for crop management and policy 38 
making at both regional and national scales (Kowalik et al., 2014). Winter wheat growth and GY 39 
fluctuate from year to year due to variations in temperature, rainfall, soil conditions, crop genotype, 40 
crop management and other events (Lee et al., 2013). Therefore, in order to accurately predict 41 
wheat yield prior to harvest, it is necessary to consider these influential factors simultaneously.  42 
  Crop simulation models simulate crop growth and development, and predict crop yields based 43 
on weather, soil conditions, crop genotype and management data. They can help improve our 44 
understanding of the relationships that exist between crops and the environment (Crout et al, 2014). 45 
Various models have been developed for different crops, such as DSSAT (Jones et al., 2003), 46 
APSIM (Keating et al., 2003), AquaCrop (Vanuytrecht et al., 2014) and STICS (Brisson et al., 47 
2003). These models have become useful and effective tools within the fields of irrigation and 48 
fertilizer (nitrogen) management (Asseng et al., 2012; He et al., 2012), grain yield and quality 49 
forecasting (Asseng et al., 2002; Asseng and Milroy, 2006; de Wit and van Diepen, 2007), plant 50 
growth estimation (Araya et al., 2010; Thorp et al., 2012), precision agriculture (Thorp et al., 51 
2008), breeding programs (Jeuffroy et al., 2014; Vazquez-Cruz et al., 2014) and climate change 52 
evaluation (Angulo et al., 2013; Fan and Shibata, 2014). The CERES-Wheat model is integrated 53 
within the Decision Support System of Agrotechnology Transfer modelling system (DSSAT; V 4.5) 54 
and is a well-known crop model developed for the simulation of winter wheat growth (Jones et al., 55 
2003; Thorp et al., 2012). 56 
  However, parameter calibration is a prerequisite step prior to the local application of crop 57 
growth models (Jiang et al., 2011). The common trial-and-error method selects the optimum 58 
combination of parameters through repeated and varied attempts until the instrument ceases its 59 
attempts to find a optimum solution. This method is simple and frequently used but is not an 60 
effective technique, especially when the number of parameters included within it is large (Hsiao et 61 
al., 2009). Various kinds of systematic algorithms have been used for model parameter estimation, 62 
such as the simplex method (Inoue et al., 1998), simulated annealing method (Soldevilla-Martinez 63 
et al., 2014), genetic algorithm (He et al. 2012), Bayesian methods (Ceglar et al, 2011), and the 64 
particle swarm optimization method (Li et al., 2015). The generalized likelihood uncertainty 65 
estimation (GLUE) method, as a commonly used method situated within the Bayesian methods, 66 
estimates model parameters from both prior information and experimental data (Brun et al., 2006), 67 
and has been integrated into the DSSAT software as a general method of parameter estimations for 68 
cultivar of different crops (Hoogenboom, 2010; He et al., 2010). The DSSAT-GLUE method 69 
software only considers cultivar parameters related to crop growth stages and grain characteristics, 70 
whereas parameters relevant to process variables, such as dry matter accumulation and leaf area, 71 
are not considered. However, these process related parameters are significant in terms of our 72 
understanding of crop growth and development, and subsequently for guiding field management.  73 
  Therefore, the objectives of this work were to: (1) use the GLUE method to estimate the 74 
genotype parameters of the CERES-Wheat model, including parameters not only related to crop 75 
growth stages and grain characteristics but also to process variables, and; (2) evaluate the 76 
prediction performance of the calibrated CERES-Wheat model in order to simulate leaf area index 77 
(LAI), aboveground biomass (AGB), aboveground N uptake (AGN) and grain yield.  78 
2. Materials and methods 79 
2.1. Experimental site 80 
Field experiments were conducted during  five consecutive growing seasons; 2008/2009, 81 
2009/2010, 2010/2011, 2011/2012 and 2012/2013 at the Xiaotangshan Experimental Site (40.17°N, 82 
116.43°E), Beijing, China. The soil and crop management practices at the site were representative 83 
of those in the region. The soil is fine-loamy, with a nitrate nitrogen (NO3-N) content of 84 
3.16-14.82 mg kg−1, an ammonium N (NH3-N) content of 10.20-12.32 mg kg−1, an Olsen 85 
phosphorus content of 3.14-21.18 mg kg−1, an exchangeable potassium content of 86.83-120.62 86 
mg kg−1, and an organic matter content of 15.84-20.24g kg−1 in the uppermost 0-30 cm layer. This 87 
area has a typical semi-humid continental monsoon climate, with hot rainy summers, cold dry 88 
winters, and short springs and autumns. 89 
  The experiments undertaken during 2008-2013 involved various wheat cultivars, N application 90 
rates and sowing dates (Table 1). The size of each experiment plot was 100 m2. Plot management 91 
followed local common practices for wheat production in this region, namely sprinkler irrigation 92 
at the jointing, booting and early filling period, and pesticide and herbicide control at the early 93 
filling period. These were implemented during each growing season. All varieties at the same 94 
treatment, sowing date or nitrogen fertilizer application, were averaged to calculate the 95 
DSSAT-CERES model. The main reasons are: 1) the DSSAT-CERES model was used for local 96 
application, and crop parameters are localized; 2) wheat cultivars are all local promoted varieties 97 
and some characteristics, e.g., period of duration, tiller capability, are pretty similar to each other.  98 
<Table 1> 99 
2.2. CERES-Wheat model and genotype parameter estimation 100 
  The CERES wheat model in DSSAT V4.5 is a typical example of a process-based wheat model 101 
that uses carbon, nitrogen (N) and water balance principles to simulate crop growth stages, total 102 
aboveground biomass, yield, and water and nitrogen balances (Jones et al., 2003; Thorp et al., 103 
2008; Thorp et al., 2010; Palosuo et al., 2011). Wheat growth stages proceed through nine growth 104 
stages based on the temperature response function and genetic information contained within the 105 
CERES-Wheat model (Hanks and Ritchie, 1991; Wang and Engel, 1998). The model is a classical 106 
RUE (radiation use efficiency) model, which simulates daily photosynthesis as a function of 107 
incoming solar radiation, leaf area index (LAI), plant population, canopy extinction coefficient 108 
and RUE (Confalonieri et al., 2009; Thorp et al., 2010). Assimilated carbon is proportionally 109 
partitioned into various plant organs, including leaves, stems, roots, and grain, at different growth 110 
stages. Canopy N accumulation is simulated based on crop N demand and available N in the soil. 111 
The crop N demand affects plant growth, target N concentrations and critical N concentrations. 112 
The nitrogen concentrations of different plant organs vary with the plant growth stage. Available N 113 
uptake from soil depends on soil NH4+-N and NO3--N concentrations, soil water levels and root 114 
growth (Liu et al., 2011; DeJonge et al., 2012). Grain dry matter is derived by way of 115 
photosynthesis during the grain filling stage and re-translocation from pre-stored dry matter 116 
(Asseng et al., 2002; Asseng and Milroy, 2006). 117 
  In order to run the CERES-Wheat model and evaluate a simulation, four types of input data 118 
were required: meteorological data, soil characteristics, crop management information and plant 119 
genetic information (Hoogenboom et al., 2012). Estimation of plant genetic parameters is a 120 
prerequisite step prior to any local application of a model (Jiang et al., 2011). Boote (1999) 121 
proposed a systematic approach by which to calibrate a model for a new crop or new cultivar, or 122 
for a particular dataset. This systematic approach was interpreted as follows: 1) most model 123 
parameters have their physical meaning, and the specific category of each parameter was 124 
classified as its meaning; 2) one class of parameters was calibrated, and the sequence was 125 
followed by the model structure, e.g., crop development was the first step to be simulated in the 126 
DSSAT-CERES and parameters related with crop growth stages were the first step to calculate. 127 
The Boote systematic approach solved the parameter calibration of how to reduce the number of 128 
parameters to include in the model, where to start, and what sequence of parameter addition to 129 
follow. In this study, the genetic parameters of winter wheat were calibrated with in the 130 
CERES-Wheat model using the following steps: 131 
(1) Crop growth stages parameters. Crop development including the flowering and maturity 132 
dates of the cultivar were the first step, using actual weather data. The parameters of P1V, 133 
P1D and P5 (Table 2) are adjusted using the GLUE method (as described in Section 2.4 134 
below).  135 
(2) Dry matter accumulation parameters. When the dates of flowering and maturity are correct, 136 
dry matter accumulation between simulated and observed was consideration. The two primary 137 
parameters that affect leaf and canopy photosynthesis are PARUE (including PARUV and 138 
PARUR in DSSAT V4.5) and SLPF (Table 2). 139 
(3) Leaf area parameters. Several parameters have a small impact on dry matter accumulation 140 
as a result of their effect on LAI and light interception. These include PHINT, LAIS, LAFV, 141 
LAFR, SLAS, LSPHS and LSPHE (Table 2). 142 
(4) Re-calibration of dry matter accumulation parameters. Recalibrate leaf area parameters 143 
and recalibrate dry matter accumulation (as in step (2) above).  144 
(5) Grain characteristic parameters. Finally, calibration of the parameters of G1, G2 and G3, 145 
which affect grain characteristics and final grain yield. 146 
<Table 2> 147 
2.3. Input data 148 
2.3.1. Fundamental data 149 
  Fundamental data for model applications include meteorological, soil characteristics and crop 150 
management information. Meteorological data, including maximum and minimum air temperature, 151 
and precipitation, were obtained from the China Meteorological Data Sharing Service System 152 
(CMDSSS, http://cdc.cma.gov.cn), while solar radiation was calculated from the sunshine hours of 153 
CMDSSS using the Angstrom formula described in Allen et al. (1998). Further details of 154 
meteorological data about the five growing seasons of this winter wheat experiment are illustrated 155 
in Fig. 1. The soil present at the experimental site has a typical profile of silt loam from 0 to 40 cm, 156 
and clay loam from 40 to 100 cm (Table 3). Management data were recorded during the field 157 
experiments, including information relating to seeding, irrigation (Fig. 1) fertilizer (Table 1), and 158 
other management strategies. 159 
<Table 3> 160 
<Fig. 1> 161 
2.3.2. Plant sampling 162 
  During the five consecutive growing seasons of the winter wheat, aboveground biomass levels 163 
were calculated four or five times per season, through random and destructive sampling. This was 164 
done by cutting plants from an area of 0.25 m2 in each plot. The leaf area and related dry mass of 165 
20 representative wheat tillers were measured and specific leaf area (SLA) was calculated. The 166 
total dry mass of the leaves within the sampled area was measured and converted to LAI by 167 
multiplying the dry mass with the SLA (Breda, 2003). The dry plant material of each sample was 168 
then ground and passed through a 240-mesh screen before being analyzed for total N using a 169 
Carlo-Erba NA 1500 dry combustion analyzer (Carlo Erba, Milan, Italy) (Schepers, 1989). 170 
Aboveground N uptake was calculated as the product of aboveground biomass and plant N 171 
concentration. 172 
  Grain yield was measured at the harvest of winter wheat. Three duplicates of 1×1 m2 areas were 173 
harvested on each plot. Collected grain was dried and weighed on an electronic scale (± 0.1 g).  174 
2.4. GLUE method 175 
  The parameters incorporated within the DSSAT-CERES-Wheat model were classified 176 
according to their functions and calibrated step by step. The GLUE method as described by He 177 
(2009; 2010) was used at each step for parameter estimation. The specific steps of the GLUE 178 
procedure are as follows: 179 
(1) Set prior distributions for genotype parameters for calibration (Table 2). Since initial 180 
information on these distributions was limited, uniform parameter distributions were assigned 181 
to all parameters. As the sensitivity of the output mainly depends on the allocated parameter 182 
ranges rather than distribution, the hypothesis of uniformity was justified in this study (Helton, 183 
1993).  184 
(2) Generate random parameter sets from the prior parameter distributions. The parameters set 185 
were generated using a Monte Carlo sampling of distributions. A total of 10,000 random 186 
parameter sets were generated using MATLAB, by the prior distribution process described 187 
above. 188 
(3) Run the DSSAT-CERES-Wheat model. The model runs were implemented by way of 189 
MATLAB by invoking the DSSAT executable file dscsm045.exe, and model outputs for each 190 
parameter set were evaluated. 191 
(4) Calculate the likelihood values and probability. He (2010) evaluated the influence of various 192 
likelihood functions and combination methods in GLUE on the accuracy of parameter 193 
estimations, and recommended the suitable likelihood function, ( )iL O , and combination 194 
function, ( )combined iL , as follows: 195 
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where i is the ith parameter set; ( )iS is the jth type of model output under parameter set198 
i ; O is the observation; jO is the jth observation of O; and 
2O is the variance of model 199 
errors, which is calculated using the observations. Then the probability, ( )ip , of each 200 
parameter set is calculated using the following Bayesian equation: 201 
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where ( )ip is the probability or likelihood weight of the ith parameter set i . 203 
(5) Construct the posterior distribution and statistics. The means and variances of the selected 204 
parameters are computed with the pairs of parameter sets and ( )ip  using the following 205 
equations: 206 
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2
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 are the estimated mean and variance of the posterior distribution 209 
of the parameter  . After applying this approach to the data, a final set of calibrated 210 
parameters was determined and are shown in the right-most column of Table 2. Considering 211 
all parameter are listed  212 
2.5. Statistical analysis 213 
The model outputs of LAI, AGB, AGN, and GY and the measured datasets of the 2009/2010 214 
and 2012/2013 growing seasons were used in model calibration, while the measured datasets of 215 
the 2008/2009, 2010/2011 and 2011/2012 growing seasons were used for model verification. Four 216 
statistical indicators including root mean square error (RMSE), normalized RMSE (NRMSE), 217 
model efficiency (E) and index of agreement (d) were employed as the statistical indices by which 218 
to evaluate both calibration and validation results (Liu, 2012; Jin, 2014; Willmott, 1982). These 219 
statistical indices are as follows: 220 
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Where n is the number of measured datasets; iS and iM are the ith simulated and measured data, 225 
respectively; and M is the mean value of measured data. 226 
3. Results 227 
3.1. LAI 228 
  The time series of simulated and measured LAI of winter wheat is presented in Fig. 2, while the 229 
evaluation statistics are set out in Table 4. During the development stages, LAI increased and then 230 
decreased before and after the end of the leaf growth stage (Fig. 2). The simulated LAI values 231 
were in agreement with measured LAI under different sowing dates, and with N levels for the 232 
growing seasons of 2009/2010 and 2012/2013 (Figs. 2a-g). The RMSE, NRMSE, E and d values 233 
of the simulated and measured LAI for calibration results were 0.53, 0.21, 0.79 and 0.92, 234 
respectively.  235 
The verification results and the simulated and measured LAI during the growth seasons of 236 
2008/2009, 2010/2011 and 2011/2012 were also in good agreement, with RMSE, nRMSE, E and d 237 
values of 0.42, 0.17, 0.64 and 0.87, respectively. These results confirmed that the calibrated 238 
CERES-Wheat model was suitable and useful for simulating the LAI of winter wheat in the study 239 
area. 240 
<Fig. 2> 241 
<Table 4> 242 
3.2. Aboveground biomass 243 
  The simulated aboveground biomass (AGB) at different growth stages was close to the 244 
measured results (Fig. 3), with corresponding RMSE, NRMSE, E and d values of 1020 kg ha-1, 245 
0.17, 0.91 and 0.98 for calibration results, respectively (Table 4). The aboveground biomass of 246 
different treatments increased with the advancement of growth stages. The agreement between 247 
simulated and measured AGB was very good for different sowing dates and N levels during 248 
various growing seasons. Sowing date influenced the accumulation of AGB since the AGB of 249 
2010-S3 was lower than those of 2010-S1 and 2010-S2 (Figs. 3a-c). The measured harvest AGB 250 
for S1, S2 and S3 during 2009-2010 season were 8782 kg ha-1, 8773 kg ha-1, and 8042 kg ha-1. The 251 
simulated harvest AGB for S1, S2 and S3 were 11095 kg ha-1, 10954 kg ha-1, and 9821 kg ha-1. 252 
The S3 treatment was significantly different with S1 and S2, but there were no significant 253 
differences between S1 and S2.   254 
With increasing application levels of N fertilizer, accumulation of AGB grew (Figs. 3d-g). The 255 
maximum AGB at N4 level is only 391 kg ha-1 than AGB at N3 level. There are no significant 256 
differences between N3 and N4 level among simulated AGB and measured AGB, respectively. N3 257 
level of N fertilizer is the normal fertilizer in the local region, where N4 level is excessive N 258 
fertilizer, double N fertilizer than normal fertilizer. No significant differences among N3 and N4 259 
treatments demonstrated that excessive N fertilizer application has little improvement for crop 260 
production.  261 
In addition, validation results were similar to those of the model calibration, with RMSE, 262 
NRMSE, E and d values of 1770 kg ha-1, 0.28, 0.78 and 0.92, respectively (Table 4). These results 263 
suggested that the CERES-Wheat model could predict well the AGB of winter wheat under 264 
various sowing dates and N levels during different growing seasons in this study. 265 
<Fig. 3> 266 
3.3. Aboveground N uptake 267 
  The good agreement between the simulated and measured values of aboveground N uptake 268 
(AGN) is shown in Fig. 4. The trend of AGN can be divided into three periods of (1) slow increase 269 
before terminal spikelet stage (Zadoks stage = 31), (2) rapid growth between terminal spikelet 270 
stage and anthesis (Zadoks stage = 69), and (3) almost constant after anthesis. Accumulation of 271 
AGN can be influenced by sowing date and application levels of N fertilizer. Statistics about the 272 
model calibrations RMSE, NRMSE, E, and d were 21.13 kg ha-1, 0.18, 0.88 and 0.96, respectively.  273 
The RMSE, NRMSE, E and d of model verification for AGN were 33.04 kg ha-1, 0.28, 0.41 and 274 
0.79, respectively (Table 4). Lower RMSE and NRMSE, and higher E and d values, indicate good 275 
predictions of AGN under various scenarios. In general, the results demonstrated that the 276 
CERES-Wheat model is a useful method for the simulation of AGN under different management 277 
scenarios. 278 
<Fig. 4> 279 
3.4. Grain yield 280 
  The simulated grain yields (GY) were similar to the measured yields (Fig. 5), with RMSE, 281 
NRMSE, E and d values of 270 kg ha-1, 0.06, 0.93, and 0.98 for model calibration, and 420 kg ha-1, 282 
0.09, 0.48, and 0.68 for model verification, respectively (Table 4). The simulated trends of GY 283 
under different sowing dates and N application levels had good agreement with those of measured 284 
GY. Winter wheat sowed on Sep. 25, and Oct. 5 had greater GY than those sowed on Oct. 15. 285 
Winter wheat with limited N fertilized applications (2013-N1 and 2013-N2) had lower GY than 286 
those with normal or excess N fertilized applications (2013-N3 and 2013-N4). No significance 287 
difference was shown for AGB between N3 and N4 levels (section 3.2), and grain yield between 288 
N3 and N4 levels also showed no significant differences. Moreover, the GY of winter wheat under 289 
normal sowing dates and N fertilize levels (2009, 2010-S1, 2011, 2012 and 2013-N3) showed 290 
variations for the different years, with simulated/measured GY of 4594/4283 kg ha-1 in 2009, 291 
4313/4852 kg ha-1 in 2010, 4820/5087 kg ha-1 in 2011, 4297/5460 kg ha-1 in 2012 and 5194/5506 292 
kg ha-1 in 2013, respectively. Good agreement between simulated and measured GY values 293 
showed that the calibrated CERES-Wheat model could simulate the GY of winter wheat very well 294 
in the study.  295 
<Fig. 5> 296 
3.5 Potential model application 297 
  To further evaluate the CERES-Wheat model, the sensitivity of GY to sowing date and N 298 
fertilizer application was then analyzed. The sensitivity analysis of GY to sowing date and N 299 
fertilizer application was based on experiments undertaken during the growing seasons of 300 
2009/2010 and 2012/2013 (Fig. 6). The results showed that GY was influenced minimally by 301 
sowing dates between Sep. 25 and Oct. 5, which was consistent with the sowing date 302 
recommended within the study area (Yu, 2005). Grain yield dropped with a postponed sowing date. 303 
This was validated by the experimental results (Fig. 6a). GY was simulated with N fertilizer 304 
applications from 0 to 420 N kg ha-1 with intervals of 20 kg N ha-1. The simulated GY was close to 305 
the measurements (Fig. 6b). The results demonstrate that the GY of winter wheat increased with 306 
the increase of N fertilizer levels. However, the simulated GY leveled off when N fertilizer levels 307 
rose above the normal rate (about 200 to 240 kg N ha-1) in this area. This highlights that the 308 
excessive N fertilizer applied was unnecessary, and is known to compromise the the environment 309 
andsustainability of agriculture (Spiertz, 2010). The sensitivity results showed that the 310 
CERES-Wheat model is a useful model for the determination of sowing date and optimization of 311 
N fertilizer application. 312 
<Fig. 6> 313 
4. Discussions 314 
In this study, the crop parameters of the CERES-Wheat model were calibrated by way of the 315 
GLUE method, and the calibrated model successfully simulated LAI, AGB, AGN and GY for 316 
winter wheat under different sowing dates and N application levels. He et al. (2009; 2010) used 317 
the GLUE method to accurately estimate the genotype coefficients and soil parameters of the 318 
DSSAT-CERES-Maize model for sweet corn production in northern Florida, America. The 319 
parameters were estimated simultaneously using several rounds of the GLUE method. This study 320 
arrived at the same conclusion for winter wheat in Beijing, China. However, we divided the 321 
genotype coefficients into five categories according to the model module (Boote et al., 1999) and 322 
calibrated the genotype coefficients of each category sequentially using the GLUE method. 323 
Whether the accuracy of sequentially calibrated genotype coefficients is superior to that of 324 
simultaneously calibrated genotype coefficients requires further exploration. In general, it has 325 
been demonstrated that DSSAT-GLUE software offers an effective method for estimating crop 326 
parameters (Hoogenboom et al., 2010). This study combined the systematic approach of model 327 
calibration with the GLUE method. The output variables in the calibration included not only grain 328 
yield but also the process variables (e.g. LAI, AGB, and AGN) of winter wheat. Therefore, the 329 
combined method has wider application for the model calibration for a new crop system. Another 330 
important role of this method is to analyze the performance of each module of the model. 331 
  The process outputs of the DSSAT model were simulated, including LAI, AGB and AGN (Figs. 332 
2-4). The results showed that the simulated LAI, AGB and AGN were in good agreement with 333 
measured results (Fig. 7). Moreover, the simulating performance of each output variable was 334 
compared by  three statistical indicators (NRMSE, E and d). The best simulation results were 335 
those in relation to AGB (Calibration results: NRMSE = 0.17, E = 0.91 and d = 0.98; Verification 336 
results: NRMSE = 0.28, E = 0.78 and d = 0.92), followed by those relating to LAI (Calibration 337 
results: NRMSE = 0.21, E = 0.79 and d = 0.92; Verification results: NRMSE = 0.17, E = 0.64 and 338 
d = 0.87) and those for AGN (Calibration results: NRMSE = 0.18, E = 0.88, and d = 0.96; 339 
Verification results: NRMSE = 0.28, E = 0.41 and d = 0.79). This result suggests that AGB was 340 
better than the other two output variables, which is consistent with the results of previous studies 341 
by Thorp et al. (2010; 2012) and Liu et al. (2012). Explanations may include: (1) the 342 
CERES-Wheat model is a classical radiation use efficiency model, and the simulation of daily 343 
carbon accumulation is the foremost process within, and the foundation of, other processes 344 
(Confalonieri et al., 2009), and (2) the measured accuracy of AGB is superior to that of LAI and 345 
AGN from the perspective of the process of measurement.  346 
<Fig. 7> 347 
Model applications for the optimization of sowing data and nitrogen fertilizer were evaluated 348 
in this study. As we know, the DSSAT model was initially developed to need a better decision by 349 
integrating knowledge of climate, soil, corps and management (Jones et al., 2003). The results of 350 
this study indicate that it was a useful tool for optimizing the sowing date and nitrogen fertilizer 351 
management of wheat in Beijing area.  352 
A limitation of the study is that it only tests the potential application of sowing date and 353 
nitrogen fertilizer, and more field management practices such as optimal seeding rate, irrigation 354 
amount, and fertilizer date should be validated in future studies, so that more intelligent precision 355 
farming decision management systems can be developed based on the DSSAT model. 356 
5. Conclusions 357 
  In this study, the GLUE method was used to calibrate the genotype parameters of winter wheat 358 
in the DSSAT-CERES-Wheat model, and the method successfully simulated the LAI, AGB, AGN, 359 
and GY of winter wheat under different management scenarios in five growing seasons. The 360 
simulated process variables of LAI, AGB, and AGN were close to the measured values. Among 361 
these process variables, simulation of AGB was better than those of LAI and AGN. The grain 362 
yields of winter wheat were simulated very well after model calibration, with RMSE, nRMSE, E 363 
and d values of 270 kg ha-1, 0.06, 0.93 and 0.98 for calibration, and 420 kg ha-1, 0.09, 0.48 and 364 
0.68 for verification, respectively. Furthermore, the optimum sowing date and the appropriate 365 
nitrogen application were 25 Sep ~ 5 Oct and 200 ~ 240 kg N ha-1, respectively. 366 
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Table 1. Details of field experiments on winter wheat conducted over five consecutive 521 
growing seasons (commencing 2009-2013) in Beijing, China. 522 
Treatment 
name 
Year Cultivars Sowing 
date 
N level 
(kg N ha-1) 
2009 2008/2009 Nongda195, Jing9428, Yannong19 Sep. 28th 160 
2010-S1 2009/2010 Nongda195, Jing9428, Jingdong13 Sep. 25th 160 
2010-S2 2009/2010 Nongda195, Jing9428, Jingdong13 Oct. 5th 160 
2010-S3 2009/2010 Nongda195, Jing9428, Jingdong13 Oct. 15th 160 
2011 2010/2011 Nongda195, Jing9428, Yannong19 Oct. 3rd 230 
2012 2011/2012 Nongda195, Jing 9428, Jingdong22 Sep. 25th 190 
2013-N1 2012/2013 Nongda211, Zhongmai175, Jing9843, Zhongyou206 Sep. 28th 0 
2013-N2 2012/2013 Nongda211, Zhongmai175, Jing9843, Zhongyou206 Sep. 28th 105 
2013-N3 2012/2013 Nongda211, Zhongmai175, Jing9843, Zhongyou206 Sep. 28th 210 
2013-N4 2012/2013 Nongda211, Zhongmai175, Jing9843, Zhongyou206 Sep. 28th 420 
Table 2. Genotype parameters of the DSSAT-CERES-Wheat model 523 
Parameter Description Unit Ranges Value 
Crop growth stages parameters 
P1V 
Days at optimum vernalizing temperature required to complete 
vernalization 
Days 
25-45 
37.6 
P1D 
Percentage reduction in the development rate of a photoperiod 
ten hours shorter relative to that at the threshold 
% 
35-65 
54.6 
P5 Duration of the grain-filling phase ℃ d 500-700 605 
Dry matter accumulation parameters 
PARUV 
Conversion rate from PAR to dry matter before the end of leaf 
growth 
g MJ-1 
1-4 
2.03 
PARUR 
Conversion rate from PAR to dry matter after the end of leaf 
growth 
g MJ-1 
1-4 
3.23 
SLPF Photosynthesis factor -- 0.8-1 0.82 
Leaf area parameters 
PHINT Interval between successive leaf tip appearances ℃ d 85-115 103 
LAIS Area of standard first leaf cm2 1-5 3.05 
LAFV Increase in potential area of leaves at vegetative phase fraction 0.01-0.5 0.43 
LAFR Increase in potential area of leaves at reproductive phase fraction 0.1-1 0.21 
SLAS Specific leaf area of standard first leaf cm2 g-1 200-500 207 
LSPHS Final leaf senescence starts GrowthStage 4.0-5.7 5.5 
LSPHE Final leaf senescence ends GrowthStage 5.7-6.5 6.3 
Grain characteristic parameters 
G1 Kernel number per unit canopy weight at anthesis kernels g-1 15-40 23 
G2 Standard kernel size under optimum conditions Mg 20-50 30 
G3 Standard, non-stressed dry weight of a single tiller at maturity g 0.5-2.5 1.3 
Table 3. Soil profile characteristics of the experiment field 524 
Depth 
(cm) 
Sand 
% 
Silt 
% 
Clay 
% 
pH Org. C 
% 
Total N 
% 
LL 
% 
DUL 
% 
SAT 
% 
BD 
g/cm3 
0-10 22.6 53.9 23.5 8.00 1.04 0.11 8.8 27.3 51.1 1.66 
10-20 22.6 53.9 23.5 8.03 1.04 0.11 8.8 27.3 51.1 1.60 
20-40 22.5 54.1 23.4 8.08 1.01 0.10 8.7 27.3 51.3 1.35 
40-60 14.9 47.8 37.3 7.94 0.68 0.08 12.3 34.8 54.7 1.16 
60-80 14.9 47.8 37.3 7.98 0.66 0.08 12.3 34.8 54.7 1.13 
80-100 16.7 43.0 40.3 8.03 0.59 0.07 12.3 34.8 54.7 0.99 
Note: Org. C = soil organic carbon; LL = permanent wilting point; DUL = field capacity; SAT = volumetric water 525 
content at saturation; BD = bulk density. 526 
Table 4. Statistical evaluation of simulated and observed values of winter wheat 527 
Variable Number 
of datasets 
RMSE NRMSE E d 
Calibration results 
LAI 28 0.53 0.21 0.79 0.92 
AGB (103 kg ha-1) 35 1.02 0.17 0.91 0.98 
AGN (kg ha-1) 35 21.13 0.18 0.88 0.96 
GY (103 kg ha-1) 7 0.27 0.06 0.93 0.98 
Validation results 
LAI 13 0.42 0.17 0.64 0.87 
AGB (103 kg ha-1) 13 1.77 0.28 0.78 0.92 
AGN(kg ha-1) 13 33.04 0.28 0.41 0.79 
GY (103 kg ha-1) 3 0.42 0.09 0.48 0.68 
Figure captions 528 
Fig. 1. Meteorological data from the study site for the five winter-wheat growing seasons 529 
2008-2013 530 
Fig. 2. Simulated and measured LAI of winter wheat under different sowing dates and N 531 
treatments (Vertical bars are standard deviations of measurements and simulations) 532 
Fig. 3. Simulated and measured AGB of winter wheat under different sowing dates and N 533 
treatments (Vertical bars are standard deviations of measurements and simulations) 534 
Fig. 4. Simulated and measured AGN of winter wheat under different sowing dates and N 535 
treatments (Vertical bars are standard deviations of measurements and simulations) 536 
Fig. 5. Comparisons of measured and simulated yields of winter wheat under different 537 
management scenarios in different years (Vertical bars are standard deviations of 538 
measurements and simulations) 539 
Fig. 6. Sensitivity of GY to: (a) sowing date for the 2009/2010 growing season, and (b) N fertilizer 540 
application in the 2012/2013 growing season 541 
Fig. 7. Relationships between the simulated and measured (a) LAI, (b) AGB, and (c) AGN for 542 
winter wheat 543 
 544 
 545 
Fig. 1. Meteorological data from the study site for the five winter-wheat growing seasons 546 
2008-2013 547 
 548 
Fig. 2. Simulated and measured LAI of winter wheat under different sowing dates and N 549 
treatments  550 
Note: Vertical bars are standard deviations of measurements and simulations; a-g are calibrating set, and h-j are 551 
validating set. 552 
 553 
Fig. 3. Simulated and measured AGB of winter wheat under different sowing dates and N 554 
treatments  555 
Note: Vertical bars are standard deviations of measurements and simulations; a-g are calibrating set, and h-j are 556 
validating set. 557 
 558 
Fig. 4. Simulated and measured AGN of winter wheat under different sowing dates and N 559 
treatments  560 
Note: Vertical bars are standard deviations of measurements and simulations; a-g are calibrating set, and h-j are 561 
validating set. 562 
 563 
 564 
Fig. 5. Comparisons of measured and simulated yields of winter wheat under different 565 
management scenarios in different years  566 
Note: Vertical bars are standard deviations of measurements and simulations; a-g are calibrating set, and h-j are 567 
validating set. 568 
 569 
Fig. 6. Sensitivity of GY to: (a) sowing date for the 2009/2010 growing season, and (b) N fertilizer 570 
application in the 2012/2013 growing season 571 
 572 
Fig. 7. Relationships between the simulated and measured (a) LAI, (b) AGB, and (c) AGN for 573 
winter wheat 574 
 575 
